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Abstract 

High dynamic range neuromorphic event based imagers show promise for high-speed, 

memory-efficient, in process monitoring of additive manufacturing.  These imagers can observe 

the high light intensity environment of the melt pools while reducing memory requirements by 

only detecting change in log light intensity of each pixel. Advances in machine learning suggest 

that data augmentation with synthetic data is often desirable when considering complex dynamic 

systems where data collection can be expensive and there is potential for high consequence 

longtail events (e.g., driverless vehicles). However, generating synthetic event data presents 

challenges in accurately modeling phenomena such as event imager noise, high dynamic range/

Fourier optics effects, and multi-time scale dynamics. To make progress on simulating high-

fidelity event data for in-process monitoring and control of melt pools, we propose a hybrid 

sensor in the loop approach that leverages emerging commercially available high speed 

monitoring technology. Literature suggests that melt pool depth can be inferred from surface 

oscillations. In this study, we examine the suitability of using a hybrid sensor in the loop 

approaches to generate synthetic event data, representative of multi-time scale dynamics of 

melt pools in order to infer 3D melt pool geometry. 

Introduction 

There is currently great interest in enabling in-process monitoring and control for metal 

additive manufacturing in order to control melt pool size, and detect anomalies such as wire feed 

errors as well as lack of fusion defects.  The hope is that by enabling in-process monitoring and 

control, the need for expensive post-fabrication non-destructive evaluation (NDE) for verifying 

part quality can be mitigated.  Post-fabrication NDE can be particularly challenging for additive 

manufacturing on account of the complicated geometries that additive manufacturing can 

generate.   One of the largest challenges with enabling in-process monitoring has been 

addressing the generation of large amounts of data during the course of the build.  Large 

amounts of data come from having multiple sensor modalities observing a melt pool over long 

periods of time (hours to days).  Furthermore, melt pools are known to feature sub-millisecond 

dynamics [1],  requiring high framerates to observe, which further increases data storage 

requirements and results in the need for additional computing resources.  Benjamin Brown led 

efforts to try to mitigate the need for large amounts of sensor data by specifying a 

“lightweight approach to on-machine monitoring. [2]” This work identified in-line photodiode 

detection, visible wavelength imaging, machine data monitoring, and acoustic sensing as a 

memory-efficient suite of measurements to enable in-process monitoring.  Of these, visible 

wavelength imaging often introduces the highest demands on computational resources.  

Researchers often use high-speed video cameras for scientific work, but 
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current use of high-speed cameras for in-process monitoring and control is impractical for routine 

operations on account of computational and memory requirements [1].  Another notable problem 

for conventional imagers is the need to operate in high dynamic ranges of light intensity.  

Conventional 8-bit imagers often suffer from oversaturation of pixels when observing melt pools.  

A good example of the oversaturation problem can be found in the work by Myers which tried to 

use conventional imagers to build a two-color pyrometer for melt pool temperature measurements 

[3].  This work demonstrates multiple examples where pixel oversaturation makes temperature 

measurement impractical.  Meyers attempts to mitigate the pixel saturation challenge by using 

different exposure times over multiple runs.  However, this approach is of questionable practicality 

for operational in-process monitoring.  An illustration of the dynamic range issue associated with 

melt pool monitoring is shown in Figure 1.  Here we see two frames captured during the electron 

beam additive manufacturing process during the same build, but with different levels of light 

illuminating the imager sensor.  In Figure 1a., the level of light reaching the sensor is higher 

allowing the trailing edge of the melt pool to be seen.  However, the number of pixels experiencing 

saturation is very large and a large part of the melt pool is not observable at all.  In contrast, Figure 

1b. has a lower lever level of light reaching the imager sensor.  In this case, fewer pixels experience 

saturation, however the trailing edge of the melt pool cannot be observed.  In this way the dynamic 

range of the imager inherently introduces tradeoffs associated with how much of the melt pool can 

be observed and under what conditions.   

Figure 1 Illustration of the high dynamic range light intensity environment observed during electron beam additive 

manufacturing. 

In 2022, Gothard Et al. [4] introduced the use of high-dynamic range neuromorphic event 

imagers for observing melt pools.  Neuromorphic event imagers, [5], [6], [7], [8], [9], are 

fundamentally different from conventional imagers in that they only report data when the change 

in level of log light intensity at a pixel exceeds a pre-defined value.  This detection occurs at the 

pixel hardware level.  Fundamentally different architectures are used by these imagers to report 

these event changes at each pixel.  As a result, these imagers are often able to observe fast 

phenomena with timescales on the millisecond to even sub-millisecond at interactive speeds.  

There is no waiting for data to download as would be the case with conventional high speed 

imagers.  Each event consists of information on the pixel x-y location, the polarity of the change 

(increasing/decreasing) and a timestamp that has sub-millisecond resolution [10].  Because these 

imagers detect changes in log light intensity, they are reported to have dynamic ranges on the order 

of 120 dB.  This makes them very attractive for monitoring melt pools.  Particularly because they 

only detect changes and offer an opportunity to reduce data rates while still observing fast 
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phenomena.  Additional work on observing melt pools with neuromorphic imagers can be found 

in [11], [12], [13].  Results to date suggest that neuromorphic event-based imagers offer a 

promising path forward for making in-process monitoring of melt-pools a reality.   

Figure 2 Example of a gas tungsten arc welder (GTAW) melt pool observed using a Davis240 neuromorphic imager with welding 

shade.   

Melt Pool Dynamics from the Perspective of Neuromorphic Imagers 

In prior work it has been reported that depth of melt pools can be estimated from vibrational 

behavior measured with a laser doppler vibrometer into the hundreds of Hertz [14].  More recently 

Jeon made use of a variety of optical measurements combined with artificial neural networks to 

estimate melt pool depth [15].  Dorn Et al. demonstrated that vibration mode shapes of a cantilever 

beam can be estimated from neuromorphic imager data.  [16].  Taken together, these results suggest 

that it may be possible to estimate melt pool depth and other melt pool quantities relying primarily 

on efficient neuromorphic imager data.  Currently we are in the process of exploring this 

possibility.  A gas tungsten arc welder (GTAW)-based testbed has been assembled as shown in 

Figure 3.  An example frame [4] formed from event data captured using a neuromorphic imager in 

this testbed is shown in Figure 4.   
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Figure 3 GTAW testbed featuring 

neuromorphic imager 
Figure 4 Example of a melt pool frame (640x480) that can be generated from 

neuromorphic imager data. 

Testbeds can potentially speed up development cycles by facilitating data collection, 

particularly in cases where commercial equipment is expensive and difficult to access due to 

operational needs.  Another significant issue with commercial platforms is that they are often 

closed-source, preventing ideal data capture.  Testbeds can avoid these issues, but they still often 

lack a rate of data generation that is desirable for machine learning and reinforcement learning 

algorithms.  In addition, capturing data for verification and validation from the testbeds can require 

expensive sensors, and there is still some uncertainty about the quality of the verification and 

validation data.  Furthermore, for machine learning and reinforcement learning algorithms, there 

can be a large variety of different cases that must be observed to capture a sufficiently sophisticated 

model.  Costs for labeling datasets can be quite high.  Capturing different data for the combinatorial 

explosion of different cases can become very time consuming and expensive.   

In the self-driving car and truck field it has become common to deal with the need for large 

training data sets by making use of synthetically generated data [17], [18], [19].  This data is well 

characterized, and the process of labeling training datasets is amenable to automation.  A similar 

strategy would be desirable for in-process monitoring of additive manufacturing and welding 

applications.  However, generating imager data for melt pools poses its own challenges.  First is 

the high light intensity involved with melt pool formation.  Second is the high solidification rates 

that would require rendering of frames at high FPS values.  Third, melt pools are dynamic and so 

motion blur effects must be taken into account in a principled manner.  Fourth, it is difficult to find 

literature on quantitatively characterizing the high dynamic range, high speed light environment.  

It is desirable to get more information on the high intensity light environment in order to ensure 

that modeling techniques associated with this environment have sufficient fidelity for algorithm 

development.     
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Challenges with Simulating Event Data 

 

 The features of event imagers that make them attractive for a variety of applications also 

make them challenging to simulate.  Event imagers are able to simultaneously observe phenomena 

that is occurrent on the second time scale to the sub millisecond timescale.  In contrast, current 

computer graphics techniques for photorealistic rendering have primarily focused on emulating 

human vision, and as a result most framerates are on the order to 30 to 60 frames per second.  An 

event-imager on the other hand can observe phenomena over about 4 orders of timescales.  If 

naively using conventional computer graphics techniques, a very large number of frames (10,000 

frames per second at least) would need to be simulated in order to take advantage of the full 

temporal bandwidth of the event imager.  This would be very computationally expensive.  

Furthermore, conventional ray trace-based rendering techniques do not capture motion blur.  Event 

imagers do not really experience motion blur, but because event imagers inherently detect changes 

in log light intensity, there must be some consideration with respect to how motion manifests itself 

in the event detections.   

 

 
Figure 5 Event images have a high dynamic range (120 dB reported).  They appear to observe Fourier optics effects that 

conventional imagers do not typically observe.   

 Another issue is addressing the noise characteristics of the event based imager.  Prior work 

on the physical limits of event noise was done by Graca [20].  Graca found that the physical limit 

of a dynamic vision sensor event imager was limited to a theoretical minimum of 2X photon shot 

noise, and that biasing the imager with high photoreceptor bias and adequate source-follower bias 

approaches optical noise performance.  In 2024 Arja Et al. cataloged a number of noise filtering 

benchmarks for event sensors, in particular in the context of satellite observations [21].   

 

 These prior works on noise focus on the scenario of low-light conditions.  Observing melt 

pools is exactly the opposite because the light levels are very high.  To the best knowledge of the 

authors, the noise behavior of current event imagers have not been characterized at the light 

intensity levels associated with melt pools.  It is possible that unanticipated behaviors will manifest 

themselves at these high intensity levels.  An example of this can be seen in Figure 5.  Here an 

event imager and a conventional imager are being used to observe the sun during an eclipse.  In 

this case, when the finger covers the eclipse it generates a “star burst” pattern of events.  It is 

currently hypothesized that these events are a consequence of the point spread function of the 
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optics and the high dynamic range of the imager.  The hypothesis is that these “star bust patterns” 

can be observed in this regime because the event imager has such a high dynamic range, and 

sufficient light is basically making it into the lower sidelobes of the point spread function of the 

optics to trigger an event.  It is currently believed that the high dynamic range of the optics allows 

this phenomenon to be observed when it could not be observed for a conventional 8 bit imager.  

This is an example of an optical phenomenon that is not observed in conventional computer vision.  

It is possible that this and other noise/noise-like phenomena will present themselves in the extreme 

environment introduced by the melt pools.   

Hybrid Neuromorphic Imager Setup 

In order to address the issue of currently un-modeled and incompletely understood 

dynamics of the event imagers, we propose the use of emerging high framerate monitors ( [22], 

[23], [24]) to display scenes that can be observed by the event based imagers.  This approach 

enables a hybrid, sensor-in-the-loop architecture for capturing quasi-synthetically generated event 

data for algorithm development and capture of training data for artificial intelligence systems that 

leverage neuromorphic imaging.   

The hybrid neuromorphic imager setup leverages the emergence of high framerate 

monitors typically used for video game applications.  The monitor is a Dell Alienware AW2521h 

that runs at 240Hz via HDMI 2.1 or 360Hz via display port 2.1. For display port on high frequency 

monitors it is necessary to make sure to check that the specific version of display port being used 

for output from the graphics card is capable of the frame rate. Display port 2.1 is capable of 900Hz 

at 1080p, but 2.0 is only capable of 240Hz at 1080p.  In this work we are using HDMI at 240 Hz.  

An aluminum frame covered with a Musou Black felt fabric skin is used to enclose the 

monitor to reduce stray light being observed by the event imager.  Opposite the monitor, imagers 

are set up to observe the test patterns displayed on the monitor.  In this work we rely on a 

DVXplorer from IniVation.  However, the current setup can facilitate having a conventional 

imager also view the screen through a beam splitter.   Figure 6 shows the frame with the fabric 

removed in order to show how the experiments were set up.  The design, bill-of-materials, and 

assembly of a similar experimental setup inspired by this design can be found in [25].   
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Figure 6 Hybrid neuromorphic imager-in-the-loop setup for 

generating simulated data for neuromorphic imagers.  Outer 

Musou black felt covering removed to show internals. 

 
Figure 7 Hybrid neuromorphic imager-in-the-loop setup 

for generating simulated data for neuromorphic imagers.  

Outer Musou black felt covering is used to reduce stray 

light entering the system. 

 

Dynamic Systems Experiment 

 

The current monitors are not able to emit sufficient light to exercise the high dynamic range 

characteristics of the event imagers.  Instead, we start by focusing on the ability to characterize the 

temporal frequency measurement performance of the imagers in conjunction with the ability of the 

monitor to generate various temporal frequencies.  This approach is motivated by prior work 

suggesting that melt pool dynamics can indicate information regarding melt pool depth [14].   

 

Experiments 

 

 Several experiments were performed in order to validate the ability of the 240Hz monitor 

testbed to simulate oscillatory motion at different frequencies. To this end, three broad test cases 

were employed. The first such case was that of a circle dilating and contracting at a single 

frequency (Figure 8) according to Equation 1. 

 

𝑟 = 200 px + 𝐴 sin(2𝜋𝑓𝑡)      (1) 
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Figure 8 Example image of the dilating circle rendered on the 240Hz monitor. 

The second test case was that of a square oscillating at a single frequency (Figure 9) according to 

Equation 2. 

 

 
Figure 9 Example image of the oscillating square rendered on the 240Hz monitor. 

𝑥 = 𝐴 sin(2𝜋𝑓𝑡)         (2) 

 

The third case was that of two rectangles overlaid in a “plus” shape (Figure 10), with the 
rectangles changing in size according to Equation 3. 

𝑟 

𝑥 
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Figure 10 Example image of the dual-frequency “plus” rendered on the 240Hz monitor. 

𝑟1,2 = 200 𝑝𝑥 + 𝐴 sin(2𝜋𝑓1,2𝑡)                 (3) 

 

 In all three of the cases described above, animations were rendered for varying 

combinations of amplitudes 𝐴 and frequencies 𝑓. For the “plus” case, 𝑓1 was set to 0.5𝑓2. For the 

remainder of the discussion, when discussing the frequency of the “plus” animation, we will be 

referring to the quantity 𝑓2 (the frequency of the horizontal rectangle). 

The frequencies used were as follows: 𝑓 ∈ 𝐹0 = {1, 2, 4, 8, 16, 32, 50, 55, 64, 128, 240} Hz. The 

amplitudes tested were 𝐴 ∈ 𝐴0 = {5, 10, 20, 30} px. Amplitudes are measured in monitor pixels. 

In the testbed’s current configuration, each camera pixel covers approximately 3 monitor pixels. 

Animations were created for all (𝑓, 𝐴) ∈ 𝐹0⨂𝐴0. These animations were run on the monitor and 

approximately 3 seconds of event data from each case was gathered. 

 

 This resulted in a total of 44 runs per case, for a total of 132 runs overall. It is worth noting 

that gathering this much data without the testbed (i.e. by manually exciting objects and recording 

them with the imager) would be difficult to repeat and prohibitively time-consuming. By using the 

testbed, it was possible to complete all 132 runs in approximately 30 minutes using a Python script 

to produce the animations and record the event data. 

All tests were performed using a high-performance GPU-based renderer provided by the Taichi 

Python library and were recorded using a DVXplorer neuromorphic camera [10]  with a 12 mm 

lens.   

 

Analysis 

 

In theory, the dominant frequency present in the event stream from each run should be 

equal to the frequency of excitation. To determine whether this was the case, a Fourier analysis 

was performed on the event streams. However, events imagers do not record a continuous range 

of intensity in the same way that conventional frame-based imagers do. They record the times at 

which intensity changes past a certain threshold, and the direction of that change. To that end, a 

suitable mathematical representation of an event stream must be developed before performing 

Fourier analysis. The equation below describes the representation that we selected. 

 

𝑟1 

𝑟2 

1131



𝑝𝑖𝑗(𝑡) = ∑ 𝛿(𝑡 − 𝑡𝑘)𝑝𝑘𝑘       (4) 

 

Here, 𝑝𝑖𝑗(𝑡) represents the value of the event stream at time 𝑡 and pixel (𝑖, 𝑗), 𝛿(⋅) is the Dirac 

delta function, 𝑘 indexes all events recorded in the event stream, 𝑡𝑘 is the time at which the event 

𝑘 occurred, and 𝑝𝑘 is the polarity (+1 or -1) of event 𝑘. Taking the Fourier transform directly, 

 

𝑃𝑖𝑗(𝜔) = ∫ ∑ 𝛿(𝑡 − 𝑡𝑘)𝑝𝑘𝑘 𝑒−𝑗𝜔𝑡∞

−∞
𝑑𝑡     (5) 

 

Note that the subscript 𝑗 denotes an index, and the 𝑗 in 𝑒−𝑗𝜔𝑡 denotes the imaginary number 𝑗 =

√−1. In this case, the sum and integral operators commute because their bounds are independent 

of one another, so 

 

𝑃𝑖𝑗(𝜔) = ∑ ∫ 𝛿(𝑡 − 𝑡𝑘)𝑝𝑘𝑒−𝑗𝜔𝑡∞

−∞
𝑑𝑡𝑘      (6) 

 

By the definition of the delta function, ∫ 𝑓(𝑡)𝛿(𝑡 − 𝜏)𝑑𝑡
∞

−∞
= 𝑓(𝜏). Therefore, 

 

𝑃𝑖𝑗(𝜔) = ∑ 𝑝𝑘𝑒−𝑗𝜔𝑡𝑘
𝑘       (7) 

 

Equation 7 describes a pixel-wise Fourier transform of the event stream. This is useful when 

extracting mode shapes associated with various frequencies. However, we seek to identify a 

frequency which is dominant across all pixels of the resulting image. To this end, we use an 

average power spectral density function 𝑃̅(𝜔), defined as follows. 

 

𝑃̅(𝜔) =
1

𝑁𝐼𝑁𝐽
∑ ∑ 𝑃𝑖𝑗(𝜔)𝑃𝑖𝑗

∗ (𝜔)
𝑁𝐽

𝑗=1
𝑁𝐼
𝑖=1      (8) 

 

The dominant frequency in each event stream is found using the largest peak of 𝑃̅(𝜔). For the 

“plus” case, the frequency associated with the second highest peak is also recorded, as this should 

correspond to the frequency of the vertical rectangle. 

 

 

Results 

 

The approach described above was applied to all 44 frequency-amplitude pairs for each of 

the three test cases. The predicted frequency was plotted against the true frequency of excitation 

for each case. These plots are given in Figure 11-Figure 13. In preliminary testing, it was 

determined that the maximum frequency which can be identified from an event-based recording 

of the monitor is approximately one-quarter of the monitor’s refresh rate. These experiments were 

carried out with the monitor’s refresh rate set to 240Hz, so a purple line is plotted at 60Hz to show 

the approximate location at which the dominant frequency present in the event stream no longer 

corresponds to the frequency of excitation. Note that this is likely due to properties of the monitor, 

rather than of the event imager. 
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Figure 11 Performance plot for the dilating circle. The red line represents the theoretical behavior of a perfect predictor. 

Different shapes correspond to different amplitudes. 

 
Figure 12 Performance plot for the oscillating square. Symbols retain the same meaning from Figure F4. 
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Figure 13 Performance plot for the two rectangles vibrating at different frequencies. Different shapes represent different 

amplitudes. Black markers represent the frequency of the horizontal rectangle. Blue markers represent the frequency of the 

vertical rectangle. 

Discussion 

Because of their asynchronous nature, event cameras are practically immune to aliasing. 

They sample the scene based on intensity changes, rather than at a fixed frequency and so are not 

affected by the Nyquist criterion. However, the monitor being used in the testbed displays the 

frames of each animation at a fixed frequency. As such, the monitor is subject to the Nyquist 

criterion, even though the imager is not. Therefore, the theoretical upper bound on the frequencies 

of physical phenomena which can be reliably simulated using this testbed is one-half of the 

monitor’s refresh rate. 

In practice, however, this upper bound is much lower. From Figure 11-Figure 13, it appears 

that the testbed in its current configuration is capable of simulating phenomena occurring below 

about 50Hz, which is nearly a quarter of the monitor’s refresh rate. We hypothesize that this may 

be due to ghosting (motion blur) [23], or the fact that the pixels of the monitor may not fully dim 

back to zero by the next frame of the animation, producing artifacts that the event imager picks up 

on.  

What follows is a very qualitative explanation of how ghosting may lower the effective 

upper bound on the frequencies that can be simulated by the monitor. If the pixels of the monitor 

take roughly as long to turn off as they due to turn on, then animated motion occurring at more 

than half of the monitor’s refresh rate would be corrupted by ghosting. This reduces the monitor’s 

effective refresh rate to approximately 120Hz. Applying the Nyquist criterion and treating 120Hz 

as the sample frequency, the highest frequency which can be represented by the monitor (without 

aliasing or ghosting) would be roughly 60Hz. This is what informed the location of the dashed 

purple line in Figures F4-F6, which roughly corresponds to the highest frequency at which the 

predicted frequencies match the true frequencies. It is worth noting that making use of the hybrid 
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approach has the potential collect data in a fast, low-cost, flexible manner that is repeatable, and 

allows us to be able to characterize differences between event imagers.   

 

Future Work, Gallium Melt Pool Surrogates 

 

In 2020 it was reported that preliminary results suggested that plausible mode shape 

information could be extracted from neuromorphic imager data of vibrating pools of molten 

gallium [26].  When pools of molten gallium are observed from overhead (Figure 14) one way 

the vibration signal associated with the melt pool manifests itself as a change in intensity at each 

pixel.  Simulating event data from scenes such as this would also be of interest for advancing in-

process monitoring for additive manufacturing.  In future work we plan to evaluate the suitability 

of using high framerate monitors to simulate event data for overhead melt pool scenarios.  We 

anticipate we will start this work by using Bessel functions (Figure 15) as a simplified model for 

melt pool dynamics.   

 

 
Figure 14  Image of a vibrating gallium melt pool observed with a 

conventional imager 

 
Figure 15 Simulated Bessel functions 

 

 

Conclusions 

 

 It is anticipated that as the framerates of monitors continue to increase, high framerate 

monitors will become increasingly attractive for generating hybrid event data that leverages the 

flexibility of simulation while incorporating the true performance of the neuromorphic imagers 

into the test.  Monitors with speeds of 1000 Hz have been reported [27].   It is perhaps worth noting 

that for hybrid neuromorphic imager-in-the-loop systems of this nature, it thus far seems desirable 

to have a monitor with a framerate on the order of 6X or more faster than the fastest dynamics in 

the scene.    In future work it would also be advantageous if characterization for neuromorphic 

imagers could somehow incorporate high-dynamic range light sources in order to include high 

dynamic range phenomena occurring with sub-millisecond timescales into the testing.  Ultimately 

it will be most practical if events can be simulated in a completely computational manner.  

However, to the best knowledge of the PI there is no event simulator that renders events across 
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disparate time scales and dynamic ranges.  Furthermore, the noise behavior of these imagers is still 

not fully understood.  Until these computational issues are addressed, a hybrid imager-in-the-loop 

approach is an attractive option for generating event data for algorithm development, obtaining 

training data for deep learning, and characterizing event imagers.  In addition, it is anticipated that 

the hybrid approach will be a useful stepping stone that will yield insights to help enable fully 

computational modeling of event imagers observing high dynamic range, fast scenes.  An 

additional advantage of the proposed approach is that it can greatly reduce the time for data 

collection as well as aid in characterizing variability between event imagers.  In future work we 

plan to also look more rigorously at how events generated by the screen of a spatially oscillating 

block compare with event measurements captured from a physically oscillating Teflon cube.   
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